ABSTRACT The identification of coherent clusters plays an important role in dynamic equivalence and active split control of power systems. The existing coherent clustering methods often adopt a single indicator, e.g. only based on the power angle curve to identify coherent clusters. In addition, in the coherency identification process, the feature extraction is not sufficient, which may cause the problem of inaccurate grouping. In this paper, a coherent clustering method based on weighted clustering of multi-indicator panel data (WCMPD) is proposed. First, the measurements including power angle increment, terminal voltage, and rotor kinetic energy increment from phasor measurement units (PMU) are selected from panel data to reflect the coherence of the generators. Second, the indicator weights and time weights are calculated based on the cross-sectional and time dimension of the panel data. In order to suppress the shortcomings of the coherent clustering method based on Euclidean distance, three distance functions (''horizontal absolute value,'' ''rate of change at adjacent time points,'' and ''fluctuation variation degree'') are defined, and then aggregated. At last, the distance matrices among generators are calculated and the coherent generators can be obtained based on the system cluster method. The simulation results on the EPRI-36 bus system and the North China power grid demonstrate that the proposed method has better clustering results than traditional methods.
I. INTRODUCTION
Modern power systems gradually develop toward the operation of large AC/DC power grids, and the mode of operation is becoming more and more complex, thereby increasing the difficulty of analyzing the power system dynamics [1] , [2] . In order to improve the computational efficiency, it is generally necessary to reduce the scale of the system in the dynamic analysis. Dynamic equivalence becomes an effective way to solve this problem [3] , [4] . The coherent equivalence method has been widely used in forming the dynamic equivalence of power systems [5] - [7] . In addition, when a power
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system is subject to large disturbances that cause out-of-step oscillations between the clusters, it is necessary to perform emergency control to prevent the cascading failures and then the collapse of the entire network. The accurate identification of coherent clusters also plays an important role in quickly finding the cracked sections of big power systems during the transients [8] .
In order to effectively identify coherent clusters, Ref. [9] employed Kryolov subspace to identify the coherent generator groups. Reference [10] proposed a coherent clustering method based on state space. A correlation factor method was proposed in [11] to identify coherent generator set. Reference [12] used the slow co-occurrence method to identify coherent generator set. These methods were based on a system linearized model and its linear response signal. Owing to their high computational efficiency, these model-based methods have been widely used in aggregating coherent generator units for power system dynamic reduction. However, the above methods need to linearize the systems, which are greatly affected by the parameter accuracy of the system model, and they are difficult to apply to large-scale power systems. Meanwhile, the nonlinear nature of a power network is neglected in these methods.
The Wide Area Measurement System (WAMS) in the identification of coherent clusters in power systems has been developed. The measurement data of Phasor Measurement Unit (PMU) in the WAMS can identify coherent clusters based on the time-frequency characteristics of the real-time response electrical quantities. Based solely on the measurements, such approaches can determine the system coherency without depending detailed dynamic models or accurate parameters [13] . In [14] , wavelet phase difference was applied to identify coherent generator groups by using the continuous wavelet transform (WT). In [15] , the Koopman mode (KM) was used to identify the coherent groups by comparing the amplitude coefficients and initial phases of the Koopman modes. The WT method and KM method can effectively extract the characteristic information of the measured data, but both methods need to decompose the measurement data into spatial and temporal patterns to detect the coherent groups with a special dominant oscillation mode, which will bring in high computation burden. Independent Component Analysis (ICA) method and Principal Component Analysis (PCA) method are used to extract critical dynamic information from the system in [16] , and identify the coherence of the generator in power systems, but the a priori information of the number of coherent groups are required in order to identify the coherency. In addition to the above methods, the methods based on fast Fourier transform [17] , empirical mode decomposition [18] , [14] , Laplace transform [19] and Singular value decomposition [20] to extract power angle signal features are also applied in coherence recognition. In [21] , a projection pursuit based coherent clustering method is proposed, and an index named as the projection cumulative contribution rate is presented to determine the appropriate number of coherent groups of generators to be clustered. Reference [22] presents a method to dynamically determine coherent generators and electrical areas of an interconnected power system. The proposed method largely overcomes the limitations of the existing model-based and measurement-based coherency identification methods.
The above references have done very significant work, but only a single indicator, i.e., the power angle curve, is used in the coherent grouping, which may result in inaccurate clustering results. This problem has also been noticed in some references. Reference [23] uses PMU to measure the power angle of generator and rotor angular velocity trajectory for identifying coherence. Secondly, a decision-making method based on Gini coefficient and Kendall rank correlation coefficient is proposed to integrate multiple indicators describing trajectory differences. Further studies have shown that two important points need to be noted when determining coherent clusters: (1) In addition to the power angle curve, the terminal voltage of generator as well as the rotor kinetic energy of generator in each coherent group also has similar changing laws. If the above three indicators can be considered simultaneously, it is expected to improve the grouping precision of the coherent clusters. ( 2) The panel data [24] is formed based on the above-mentioned three indicators in the time series, and the clustering accuracy of coherent clusters also depends on the effective extraction of panel data features.
Based on the fact that the weighted clustering analysis method can well consider multiple indicators and effectively reflect the time series characteristics of each indicator by carefully choosing the weights, we propose a coherent clustering method based on weighted clustering of multiindicator panel data. The main contributions of this paper are threefold: 1) Three indicators (power angle increment, terminal voltage and rotor kinetic energy) that can reflect the unit coherence are considered, thereby improving the accuracy of grouping.
2) The entropy weight method and the inverse trigonometric function are used to determine the index weight and time weight, which effectively reflects the influences of different indicators and different time points on the coherent grouping in the panel data. 3) Based on the ''horizontal absolute value'' distance, the ''rate of change at adjacent time points'' distance and the ''timing sequence fluctuation'' distance, a coherence clustering method based on weighted clustering of panel data is proposed.
The rest of this paper is organized as follows: The coherent judgment theory is reviewed and indicators are selected in Section II. Section III proposes the coherent clustering method based on panel data weighted clustering. The overall calculation procedure is presented in Section IV. Case studies on EPRI-36 bus systems and North China power grid are given in Section V. Finally, conclusions are drawn in Section VI.
II. REVIEW OF COHERENT CLUSTERING THEORY AND INDICATOR SELECTION A. REVIEW OF COHERENT CLUSTERING THEORY
Coherence of generators means that after the power system is disturbed, within the study time, if the ratio of the bus voltage complex vectors of any two generators is constant, the two units are considered to be coherent [24] , i.e.
where,V i (t),V j (t) are the complex voltages of the generator i, j respectively; V i (t), V j (t) are the bus voltage amplitudes; δ i (t), δ j (t) are the voltage phase angles, t is the time point for PMU measurements. Equation (1) is often only evaluated through the phase condition, i.e.,
In practical engineering, coherent clusters that strictly satisfy equation (2) are rare. Therefore, the coherent clustering based on the Max-Min method is given by
where, δ i (t) = δ i (t) − δ i (t 0 ) is the power angle increment t 0 is the initial fault occurrence time, and is the threshold, which is generally given by humans.
B. SELECTION OF INDICATORS
The existing coherent clustering method only depends on the characteristics of the power angle curve, which may result in inaccurate clustering results. In order to improve the grouping accuracy, multiple indicators are selected for coherent clustering. This paper selects indicators based on instantaneous dynamic data.
1) POWER ANGLE OF GENERATOR
The generator power angle reflects the coherence of the generators and can be directly used for the coherent clustering. The power angle increment data of generator i is defined as
where, N represents the total number of units in the system, T represents the length of the time series
2) TERMINAL VOLTAGE OF GENERATOR
The voltage trajectory is the direct time domain response of the power system after the fault. In traditional coherent clustering, it is generally assumed that the generator terminal voltage amplitude is constant, so it is ignored. However, when the system is disturbed, the voltage amplitude changes of different generator sets are different (as shown in Figure 1) , therefore, the change of the amplitude of the terminal voltage should be considered in the coherent clustering. The terminal voltage data of the i-th generator is defined as
where, V i (t) is the nominal value of the terminal voltage amplitude.
FIGURE 1.
Generator terminal voltage curve.
3) ROTOR KINETIC ENERGY OF GENERATOR
After system is subjected to large disturbances, the mechanical power of the prime mover and the electromagnetic power of the generator are imbalanced, resulting in a relative change in the power angle of the generator due to a change in the rotational speed. Therefore, considering the generator rotor angular velocity will also help to improve the accuracy of coherent clustering. However, the generators in system often have similar transient measurement data, but the inertial time constants, moments of inertia, and other physical parameters are quite different. The rotor kinetic energy of the generator comprehensively reflects the rotational inertia and the rotor angular velocity of the generator. Therefore, the rotor kinetic energy increment is selected as an indicator. The rotor kinetic energy increment data of the i-th generator is defined as
where
is the kinetic energy of generator iM i is the rotational inertia of generator i, and ω i is the rotor angular velocity of generator i.
III. COHERENT CLUSTERING BASED ON WEIGHTED CLUSTERING OF MULTI-INDICATOR PANEL DATA A. MULTIINDICATOR PANEL DATA FORMATION
Three indicators that reflect the coherence of the generators (the power angle increment, the terminal voltage, and the rotor kinetic energy increment) have the cross-sectional dimension (i.e. indicator dimension) and time dimension characteristics of the panel data. The measurement data is normalized by the min-max normalization method. Each sample point of the panel data can be represented by three subscripts, such as x
, where i represents the generator number, j represents the indicator, and t represents the time sample point. The three-dimensional sample X can be expressed as [X 1 , X 2 , · · · , X N ]. The two-dimensional panel data of the i-th generator can be expressed as
where, N represents the total number of generators in the system, T represents the length of the time series. X
represents the time series of the j-th indicator of unit i.
B. METHOD FOR DETERMINING WEIGHTS OF TIME AND INDICATOR 1) DETERMINATION OF TIME WEIGHTS
The panel data has a time dimension, and the representativeness of the indicator data at different time points are different. For the power system, the system is subject to large disturbances at the moment of fault. Clearing the fault creates the postfault trajectories. As time passes, dynamic information gradually decays. Obviously, the closer to the moment of fault, the greater the weight should be. With the increase time of the dynamics, the weight coefficients should slowly decay, reaching 0 eventually. Generally, the time weight function should satisfy the following three conditions (1) F(t) is a strictly decreasing function with time t; (2) The deceleration trend of F(t) is slowly; (3) lim t→∞ F(t) = 0. There are many functions that satisfy the above conditions, one of which is the inverse cotangent function (F(t) = /2 π arc cot(t)) which is proved to be effective by experiments. The time weights are determined by the time function as equation (8) .
where, WT t is the time weight at time t
2) DETERMINATION OF INDICATOR WEIGHTS
The entropy weight method can be used to determine the indicator weight according to the entropy principle. The steps for determining the weight based on the entropy weight method are as follows.
Step 1) According to the time weights, the panel data is converted into cross-sectional data in chronological order.
where, z
l is the cross-section data of the j-th indicator of the i-th generator.
Calculate the proportion of the j-th indicator of the i-th generator relative to other generators.
where, N represents the total number of generators.
Step 2) Calculate the entropy of indicator j.
where, e J is the entropy value of the indicator j, c > 0, e J > 0, generally take c = 1/ log N . The larger the value of e j , the smaller the effect of indicator j.
Step 3) Determine the indicator weights. Since e j is an inverse indicator, the weight coefficient of index j is obtained after the entropy is normalized.
where, WX J is the weight of the j-th indicator.
C. DISTANCE FUNCTION DEFINITION
The panel data has section dimension and time dimension. In the section dimension, the absolute level of the indicator is reflected In the time dimension, the fluctuation of the indicator in the time series is considered. In the cross-section data clustering, Euclidean distance is often used, but it only considers the differences of different samples at corresponding time points, but does not consider the consistency of the changes in time series. The waveforms of the two single index sequences in figure 2 are basically similar, but the positions of peaks and troughs are not exactly aligned, but slightly deviated. The two time series are not considered to be similar under Euclidean distance, because Euclidean distance can only examine the difference of values of different samples at corresponding time points, without considering the consistency of sample changes in time series. Therefore, based on the distance function of multi-index panel data in [24] , an improved ''weighted distance function'' is proposed in this paper.
Definition 1: The weighted distance of ''horizontal absolute value'' between two generators
where, x
l (t) denotes the panel data of the j-th indicator of the k-th and l-th units at time t(k, l = 1, 2, · · · , N ; j = 1, 2, 3; t = 1, 2, · · · , T ), WX J is the weight of the j-th indicator, WT t is the weight of the t-th time point.
Equation (13) represents the horizontal absolute weighted distance of each indicator between the k-th unit and the l-th unit over the entire time series.
Definition 2: The weighted distance of ''rate of change at adjacent time points'' between the two generators
1/2 (14) where, x (J )
represents the amount of change of the indicator of the generator k at two adjacent time points. x
Equation (14) mainly reflects the rate of change of the horizontal value of the indicator in time series, demonstrating the volatility of the cross-section indicator in time series. VOLUME 7, 2019 If this weighted distance between the two units is small, the horizontal value of the indicator j changes in the same direction and the degree of change is the same.
Definition 3: The weighted distance of ''coefficient of variation'' between the two generators
1/2 (15) where, x The weighted distance matrix is defined as
where, w 1 , w 2 , w 3 are the weights of the defined distance matrices D(1), D(2), D(3), respectively.
D. COHERENT CLUSTERING BASED ON SYSTEM CLUSTERING
The Ward method uses the idea of variance analysis for system clustering. It can effectively measure the distance between units within the class and the distance among classes, and has better clustering effect. The Ward clustering idea is based on the weighted distance matrix D N ×N : Firstly, all units are individually divided into one class. At this time, the sum of the squared deviation distance(SSD) within each category is 0. Secondly, under the condition that SSD is the smallest, different classes are aggregated and cycled until the ideal number of clusters and clustering result are reached.
E. DETERMINATION OF OPTIMAL CLUSTER NUMBER
In order to determine the optimal number of clusters, the DB index are introduced. The DB indicator describes the intra-class divergence and the distance between cluster centers of the sample. The smaller the DB, the lower the degree of similarity between one class and another class, which corresponds to better clustering results. The DB indicator is defined as
where, K is the number of clusters; W m represents the average weighted distance of units in class L m to its cluster center; The cluster center takes the average value of the panel data of units in the class L m ; W n represents the average weighted distance of units in class L m to the center of class L n ; L mn represents the distance between the center of class L m and L n . In coherency Identification, different clustering numbers are set and the corresponding clustering results are obtained. Then the DB index under different cluster numbers is calculated, and the optimal cluster number corresponds to the smallest cluster number of DB index.
IV. THE PROCESS OF THE PROPOSED METHOD
The process of the proposed method is as follows:
Step1) Forward and normalize the power angle increment data, terminal voltage data and rotor kinetic energy increment data measured by the PMU to form panel data;
Step2) Using the time function determine time weights and convert the panel data into cross-section data in the time series, and obtain indicator weights by the entropy weight method;
Step3) Calculate the distance matrices D(1), D(2), D(3), according to equations (13) , (14), (15) Step5) Calculate the weighted distance between N units by equation (17) to further form a weighted distance matrix
Step6) Using the weighted distance matrix D N ×N complete coherent clustering by the system clustering method.
V. CASE STUDIES
In order to verify the effectiveness of the proposed method, numerical simulations have been carried out on the EPRI-36 bus system and the North China power grid.
A. TESTS ON EPRI-36 NODE SYSTEM
The EPRI-36 system contains 8 generators, as shown in Figure 3 . A three-phase short-circuit fault is set at bus-9 and the fault is removed after 1 s. The monitoring time lasts from 0 s to 10 s. The obtained power angle increment data, the terminal voltage data and the rotor kinetic energy increment data are sampled to form panel data. According to the coherent clustering process, the clustering tree as shown in Figure 5 clearly reflects the SSD distance between the groups. The clustering results obtained based on the proposed method are shown in Table 1 . To test the effectiveness of the coherence clustering method proposed in this paper. The coherency identification method The DB index is used to validate the effect of four coherence recognition methods. From Table 4 , we can see that when K is 3, all the clustering methods get the best clustering results. Therefore, it can be considered that 3 is the best number of clusters. When K is 3, we can see that Max-Min clustering method has the worst effect. Compared with the trajectory-based coherence clustering method, the results of coherence clustering based on XW and PCA feature extraction are more accurate.
In order to obtain the optimal cluster number of WCMPD method proposed in this paper, DB index under different cluster number is calculated. When K = 3, the DB indicator value is the smallest, so 3 is the optimal number of clusters. For comparison, Table 4 shows the clustering results of five methods when the cluster number is 3.
As can be seen from Table 2 , the DB index of coherence clustering method based on WT and PCA feature extraction is the smallest among the coherence clustering methods based on single index. Therefore, the coherence clustering method based on WT and the WCMPD method proposed in this paper are compared for further analysis. The power angle curves, terminal voltage curves and rotor kinetic energy curves of the two methods are compared respectively.
It can be seen from Table 4 that in both of the grouping methods, units 7 and 8 are put into the same group, which can be verified from the power angle curve, terminal voltage curve and rotor angular velocity curve near coincidence of units 7 and 8 in Figure 3 .
According to Figure 4 , it can be seen that unit 2 has strong non-coherence with other units. This can be verified from Figure 3 , in which the power angle curve of unit 2 has large fluctuations in the time of 0 ∼ 2s, which is far from the absolute value of the power angle curves of other generators. In addition, its terminal voltage has great fluctuation after a fault and its value drops to 0.42 p.u.
When the number of cluster is 3, the PCA method divides units 1, 5 and 6 into a group, and units 3 and 4 are divided into a group. Whereas the WCMPD method divides units 1, 3 and 5 into a group, units 4 and 6 into a group. The following is an in-depth comparative analysis. Figure 6 shows the comparison of power angle curves. From the power angle increment curves of (a), (d) in Figure 5 , it can be seen that compared with unit 1, the power angle increment curves of unit 4 and unit 6 are more similar. From (a) and (c) of Figure 5 , it can be seen that compared with unit 4, the absolute distance and fluctuation degree of the power angle increment curves of unit 1 is more similar to units 3 and 5. Therefore, the proposed clustering method based on three distance formulas (''horizontal absolute value'', ''rate of change at adjacent time points'' and ''fluctuation variation degree'') is superior to the feature extraction method based on wavelet transform. However, on the whole, the power angle increment curves of five generators show a consistent trend, so it is difficult to judge coherence completely by the distance and time series fluctuations of power angle curves. This is the disadvantage of the traditional coherent grouping method.
Therefore, the voltage indicators mentioned above are analyzed. Figure 7 shows the comparison of the terminal voltage curves. It is difficult visually to judge the coherence between units 1, 3, 5 and 6 from the terminal voltage curves in (b) and (c) of Figure 7 From (a) and (d) of Figure 7 , it can be seen that the voltage curves of units 4 and 6 are consistent in time series, while the voltage curves of units 3 and 4 are inconsistent. Thirdly, judging from the rotor kinetic energy increment of the generator in Figure 8 . The WCMPD method divides units 1, 3 and 5 into a group. From (b) and (c) of Figure 8 , it can be seen that the absolute distance between the rotor kinetic energy increment curve of Unit 1 and Unit 3 and 5 is closer and the change direction is more consistent than that of Unit 6 in a shorter time from the occurrence of fault. In this paper, we consider that with the increase of time, the information of each index gradually decreases. Therefore, the nearer the fault occurs, the greater the time weight of each index is. Therefore, it is more reasonable to divide unit 1, 3 and 5 into the same group. From (a) and (d) of Figure 8 , it can be seen that the oscillation amplitude of the rotor kinetic energy increment curve of unit 4 is larger. But the rotor kinetic energy increment curves of Unit 4 and Unit 6 are in the same direction.
Based on the above analysis, for units 4 and 6, the power angle increment curves is nearly coincident, the fluctuation of the terminal voltage curves is similar, and the change direction of the rotor kinetic energy curve is consistent. It can be judged that units 4 and 6 have good coherence. Compared with unit 4, the power angle increment curves and the rotor kinetic energy increment curves of unit 1 and units 3, 5 are more similar. Therefore, units 1 3 and 5 are divided into a group. Through comparative analysis, the results obtained are consistent with the results of the clustering method proposed in this paper.
By comparing the clustering results of the WT method and the coherent grouping based on WCMPD method, it can be concluded that the WCMPD method in this paper has a better coherent clustering effect.
In order to test the applicability of the method, different faults were set in different locations in the EPRI-36 bus system. The fault time was set to 1 s. After 1 s, the fault was removed and the monitoring time was 5 s. When the number of clusters is 3, the clustering results are shown in Table 5 . It can be seen from Table 5 , the proposed method can achieve different clustering results under different faults, realizing self-adaptive coherent clustering in real time, and achieving dynamic equivalence under different faults. In this paper, the weight of indicator and the three distance functions are determined by the method of entropy weight. In order to test the influence of weight factors on the results of coherence identification, this section chooses different weight coefficients for coherence identification, and solves the DB index values of each group's results to analyze whether the weight determined by the entropy weight method can get better clustering results. In the example, the Table 6 . Then fixed the indicator weight, compared the DB index values under different distance function weights. The results are shown in Table 7 . From Table 6 , it can be concluded that the DB index values of the coherence identification results based on the weight determined by the entropy weight method are less than or equal to the set three groups of weights, except that the number of clusters is equal to 4. When K is the best cluster number 3, the coherence identification method based on entropy weight method has the best clustering effect. By analyzing Table 7 , it can be concluded that the coherence identification result based on entropy weight method to determine the weight of distance function is better than the given weight.
B. TESTS ON NORTH CHINA POWER GRID
The North China power grid is used to verify the applicability of the proposed method. This power grid mainly includes Beijing (B), Tianjin (T), Hebei (H), Shanxi (S) and Shandong (L). For the convenience of analysis, 70 major generators were selected as study objects.
The fault was set up on the Ximeng-Shandong 1000KV UHV AC transmission channel on the JJJ.K1-LJJ.K1 transmission line. A three-phase short-circuit fault was set and the fault was removed after 2 seconds. From the moment of fault to the end of 5 s, the power angle data, voltage data and angular velocity data of 70 units were recorded, as shown in Figure 9 .
From Figure 9 , we can see that this fault will bring a great disturbance to the system. The transmission channel between Shandong grid and Beijing and Tianjin grid is cut off for a short time, the power balance in the two regions is broken, causing dramatic changes in the generator's power angle, voltage, and rotor angular velocity.
Based on the measurement data, the coherent clustering of the North China power grid is performed using the method proposed in this paper. The clustering tree is shown in Figure 10 . From Figure 10 , it can be seen that after the fault occurred, the generators of North China power grid are divided into different coherent clusters based on the region. The units of Shanxi power grid have the same coherence. Most of the units in the Beijing, Tianjin, and Hebei power grids have a high coherence. If further divided, the power grids in Beijing, Tianjin, and Hebei can be divided into two coherent clusters, Shandong Power Grid can be divided into 3 groups. From the cluster tree, it can be seen that the generators in L2 (Eastern Shandong) show higher non-coherence with other generators in L1.
When the number of clusters K = 6, the DB indicator is 0.77, and the value is the smallest, so the optimal number of clusters is 6. The clustering result is shown in Table 9 .
The result of the clustering of Table 9 are further analyzed. According to group 3, all generators in Shanxi grid are divided into a group. It can be seen from Figure 10 that all the generators in Shanxi power grid show consistent coherence. In addition, the unit BLD in the Beijing power grid is classified into group 3. It can be seen from Figure 11 that the BLD's power angle curve, terminal voltage curve, and rotor angular velocity curve have a high similarity with the Shanxi generator groups, and its geographic location is close to Shanxi, so it can be judged that the grouping result is accurate. The delivery end of the JJJ.K1-LJJ.K1 transmission line was connected to the JBT substation in Beijing and JBQ substation in Tianjin. After the fault, the power grids in the Beijing, Tianjin, and Hebei regions were greatly disturbed. According to the clustering results in table 7, the three generator groups in Beijing, Tianjin, and Hebei are divided into two coherent clusters. The first group includes units in the regions of Beijing, Tianjin, and Hebei, and the second group includes units in the regions of Tianjin and Hebei. By comparing the power angle increment, terminal voltage, and rotor kinetic energy increment of the two coherent clusters in Figure 12 and the geographical location of generators, it can be concluded that the coherent clustering in Beijing, Tianjin, and Hebei regions are accurate.
The receiving end of the JJJ.K1-LJJ.K1 transmission line was connected to the LQC-T01 substation of Shandong. After the line failure, the power of the Shandong power grid is unbalanced, and the generator group has a large disturbance. The generators of Shandong power grid are divided into three coherent groups. In addition, unit BYD of Beijing power grid is classified into group 5.
From the indicator curves of the generators in (a), (b), (c) in Figure 13 , it can be seen that Shandong power grid is subject to large interference, and the dynamic characteristics of generator sets vary greatly from region to region. According to (j), (k), and (l) in Figure 13 , the indicator curves of units in L2 region fluctuates greatly, showing obvious non-coherence with other units in Shandong power grid. Through the comprehensive comparison of the indicator curves in groups 3, 4 and 5 in Figure 13 , it is believed that the result of dividing the Shandong generator set into 3 groups is reliable. In addition, the unit BYD was divided into the group 5. By observing BYD's indicator curves, it is consistent with the generators in group 5. The unit BYD is close to the transmission line sending end. Therefore, it shows the coherence with the receiving end generators.
From test results on North China power grid, it is concluded that after the fault, the generators in a region have the coherence. At the same time, the generator group in one area is divided into different coherent clusters. The clustering result is in good agreement with the time-domain simulation result. Therefore, the method proposed in this paper is accurate.
VI. CONCLUSIONS
The traditional coherent clustering method is often based on a single indicator, which may result in inaccurate clustering result. To solve this problem, this paper proposes a coherent clustering method based on weighted clustering of multi-indicator panel data (WCMPD). In WCMPD, three indicators that can reflect the unit coherence are considered, thereby improving the accuracy of grouping, and the entropy weight method and the inverse trigonometric function are used to determine the index weight and time weight, which effectively reflects the influences of different indicators and different time points on the coherent grouping in the panel data. Also, in WCMPD the function of ''horizontal absolute value'' distance, the ''rate of change at adjacent time points'' distance and the ''timing sequence fluctuation'' distance are defined, which can effectively reflect the feature of each indicator in time series, thereby improving the accuracy of grouping. The validity of the proposed method is verified by theory and experiments. His major research interests include load modeling, nonlinear control systems, dynamic power systems, and power system economics. He is a member of CIGRE W.G. C4.605 ''Modeling and aggregation of loads in flexible power networks'' and the corresponding member of CIGRE Joint Workgroup C4-C6/CIRED ''Modeling and dynamic performance of inverter-based generation in power system transmission and distribution studies.'' He is a registered Chartered Engineer.
